The aim of this study was to identify a possible relationship between haemodynamic variables, auditory evoked potentials (AEP) and inspired fraction of isoflurane (ISO FI ). Two different models (isoflurane and mean arterial pressure) were identified using the fuzzy inductive reasoning (FIR) methodology. A fuzzy model is able to identify non-linear and linear components of a causal relationship by means of optimization of information content of available data. Nine young female patients undergoing hysterectomy under general anaesthesia were included. Mean arterial pressure (MAP), heart rate (HR), end-tidal expired carbon dioxide (CO2 ET ), AEP and ISO FI were monitored with a sampling time of 10 s. The AEP was extracted using an autoregressive model with exogenous input (ARX model) which decreased the processing time compared with a moving time average. The AEP was mapped into a scalar, termed the depth of anaesthesia index (DAI) normalized to 100 when the patient was awake and descending to an average of 25 during loss of consciousness. The FIR methodology identified those variables among the input variables (MAP, HR, CO2 ET , DAI or ISO FI ) that had the highest causal relation with the output variables (ISO FI and MAP). The variables with highest causal relation constitute the ISO FI and MAP models. The isoflurane model predicted the given anaesthetic dose with a mean error of 12.1 (SD 10.0)% and the mean arterial pressure model predicted MAP with a mean error of 8.5 (7.8)%.
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Keywords: brain, evoked potentials; anaesthetics gases, nitrous oxide; cardiovascular system, effects; model, fuzzy logic Accepted for publication: August 17, 1998 Several different methods from artificial intelligence have been used for simulation and control of physiological processes. Most applications of fuzzy logic in anaesthesia [1] [2] [3] [4] are in the field of expert systems, where heuristic rules are incorporated in complex causal models to guide clinical inference.
Zbinden and colleagues 5 and Curatolo and colleagues 6 have described a fuzzy logic system for controlling the dose of isoflurane, but the methodology described in this article includes measurement of auditory evoked potentials (AEP). In this study, we wished to apply the fuzzy inductive reasoning (FIR) methodology 7-10 to identify a possible causal relationship among quantitative measured variables, including heart rate (HR), mean arterial pressure (MAP), end-tidal carbon dioxide concentration (CO2 ET ), anaesthetic © British Journal of Anaesthesia dose (ISO FI ) and AEP. The rationale for applying fuzzy inductive reasoning is that mathematical models (e.g. differential equations) are not suited to dealing with systems that are uncertain and where the underlying physical laws are not well known. This is often the case when dealing with biological systems (e.g. the dose-response between anaesthetic agent and changes in AEP).
In this article, the identification effort focused on two different models: an isoflurane FIR model that predicts the amount of anaesthetic agent to be supplied to the patient, and a mean arterial pressure FIR model that predicts the behaviour of the patient's MAP with time.
The aim of this study was to identify a possible relationship between haemodynamic variables, auditory evoked potentials (AEP), CO2 ET and inspired fraction of isoflurane (ISO FI ). 
Patients and methods
We studied nine female patients undergoing hysterectomy under general anaesthesia with isoflurane. The study was approved by the Local Ethics Committee and all patients gave written consent.
Recorded variables
All variables except AEP were recorded with a Datex AS/3 monitor and stored on a personal computer for off-line processing. The variables used and their sampling periods are listed in Table 1 . MAP, HR and ISO FI from one patient are depicted in Figure 1 .
AEP recording
The AEP was evoked with a bilateral click of 2 ms duration and intensity of 70 dB above the normal hearing threshold. The digitized signal was 'finite impulse response' filtered with 1 Hz high-pass and 120 Hz low-pass filters and the recording window was 80 ms. Extraction of the AEP was done with a system identification model 11 12 which, by advanced signal processing, facilitates extraction of AEP within only 15 sweeps, allowing a much faster response than that achieved with conventional moving time averaging. A more elaborate description of extraction of evoked potentials is reported elsewhere. 13 14 
Depth of anaesthesia index
Several publications have reported changes in latencies and amplitudes of AEP peaks during increased doses of isoflurane. 15 The latency of the Nb peak is reported to be a reliable indicator of transition from awake to asleep. 16 18 In order to facilitate easier interpretation of the AEP, an index was calculated. The depth of anaesthesia index (DAI) was defined as the absolute sum of differences of subsequent samples in each single AEP sweep compared with the awake state. The value of DAI decreases when the peak latencies of the AEP in the measured window are increased or when peak amplitudes are decreased. These results have been published previously. 11 12 DAI is normalized to 100 in each individual, measured as a baseline before administration of anaesthetic agent. The patients measured so far presented a DAI with a mean of 25 when loss of consciousness occurred. 11 12 An example of DAI measured during isoflurane anaesthesia is shown in Figure 2 . A similar calculation of an AEP index has been described by Doi and colleagues 17 and also in a recently published article by the same group. 18 
Fuzzy inductive reasoning (FIR) methodology
FIR is a data driven method which is able to infer an inputoutput model. A sub-section of the registered data (the training data) is used by the FIR method to identify a model of the system, as shown in Figure 3 . The model was validated with data which were not used in the training process. FIR identifies the causal and temporal relations between the input and output variables. In this process all possible relations between the system variables are studied using an entropy measure (see appendix). The output variable may depend on its own past values, and hence can be treated as input variables in the identification process, as shown in Figure 3 (broken arrow). The model inferred by the FIR identification process is composed of two parts, the relations (causal and temporal) between the variables that FIR found relevant, and a rule base. The rule base is the consequence of applying the relevant relations obtained by the training data. An example of causal and temporal relations between the variables of the system obtained by FIR is presented in Figure 4 .
The relation described in Figure 4 indicates that the output variable (VarO) at present time (t) depends on the value that the first input variable (VarI1) had three time steps (tϪ3) back in the past, on the value that the second input variable (VarI2) had five time steps (tϪ5) back in the past and on the value that the output variable (VarO) had one time interval back (tϪ1) in the past. When a model has been identified, it is validated by performing predictions of values previously unknown to the model. In the validation process an error measure based on the difference between predicted and actual output values is calculated to obtain the prediction accuracy of the model. The validation data should always be dynamic (i.e. exhibit several oscillations), otherwise conclusions of a causal relationship might be weakened.
Isoflurane prediction model
The aim of the isoflurane model was to predict ISO FI from its own past and from past and present values of HR, MAP, DAI and CO2 ET . A possible application of this model is the design of a closed loop control system (controller model) for administration of isoflurane. The initial input variables were HR, MAP, CO2 ET , DAI and past values of ISO FI , and the output variable was ISO FI at the current time. From this set of input variables, FIR searched for those with the optimal causal relationship to the output. Variables without any significant correlation to the output according to the FIR entropy measure (see appendix) were not included as input variables to the model. An optimal FIR model has been inferred for each experiment, as shown in Table 2 . Figure 5 shows the more frequent ISO FI model inferred by FIR.
Experience from a previous study 7 showed that variable values more than 300 s past do not influence a new prediction. Each model was trained with consecutive samples from one patient and subsequently validated with the successive 100 samples (a period of 16.7 min) from the Table 2 .
Mean arterial pressure prediction model
The mean arterial pressure model is shown in Figure 6 . The model was implemented by selection and training by FIR with MAP (only past values), HR, ISO FI , DAI and CO2 ET in order to predict future behaviour of MAP. The duration of the prediction interval was 100 samples after the training interval. The model training and evaluation were similar to those described for the isoflurane model. 
Results

Isoflurane prediction model
The isoflurane prediction model was applied to nine patients. Table 2 shows the results of the predictions where the model was trained with successive samples and validated with the 100 subsequent samples from the same patient. Figure 7 shows predictions 5, 6 and 7 obtained from patient A.
The prediction error was calculated as the relative difference between predicted and actual values of ISO FI .
∆ISO
where Nϭnumber of samples in each prediction. The prediction error is given in percent in Tables 2 and 3 . The mean error of the isoflurane prediction was 12.1 (SD 10.0)%. The maximum error (49%) was encountered in 
Mean arterial pressure model
The prediction results of the mean arterial pressure model are shown in Table 3 . Mean prediction error was 8.5 (SD 7.8)%. Prediction Nos 8 and 9, both from patient C, showed very large errors. A possible explanation for the error is that MAP decreased from 90 to 60 mm Hg and increased later to 110 mm Hg, all during an ISO FI increase, hence in 28 this particular case the model was not dynamic enough to make a meaningful prediction. The isoflurane model exhibited the maximum error with patient C also. In the vast majority of predictions (34 of 41) ISO FI was the variable that had the optimal causal relationship to the output. DAI as DAI, is more complex to realize because it requires those inputs to be predicted by their respective models also, which most likely would result in greater prediction errors. Arterial pressure was measured once every 300 s. Therefore, the actual MAP curve in Figure 8 has constant samples between two consecutive measurements. Mean arterial pressure was chosen rather than systolic or diastolic pressure as it generally shows less artefactual fluctuations.
FIR methodology did not include CO2 ET measurements in any of the predictions, which indicates that this variable does not have a causal relation with MAP in this patient group. This could be different in other patient groups (e.g. patients with low MAP and decreased perfusion of the lungs).
Discussion
The isoflurane models predicted the ISO FI based on the optimal FIR model. All ISO FI models identified by FIR included past values of the output variable ISO FI . In some models a delay of seven samples was needed and in other models a delay of 15 samples was needed, hence the amount of isoflurane given to the patient, 7 or 15 samples back in the past, influenced the amount of anaesthetic agent given at the present time. MAP and DAI were included 34 and 24 times, respectively, out of 40 predictions. Although the optimal models differed in structure, a general model based on the prevalent inputs such as ISO FI , MAP and DAI might be applied. If this model was applied, the need for reidentification of a new model each 100 time intervals could be avoided. The maximum error was 49%, and the mean error was 12.1%, which could produce instabilities if implemented in an on-line controller for administering isoflurane. Our model structure should be refined further to reduce the prediction error.
The results obtained from the mean arterial pressure model showed that when the model was identified by the training section, predictions of mean arterial pressure were obtained. Table 3 shows that ISO FI and past values of ISO FI were the most valuable input variables. This suggests that the modelling could be carried out by a general model constituted only by past and present values of ISO FI . The maximum error was 29% and the mean error was 8.5%. These results are promising because an FIR model can provide the clinician with information on the patient's future response to arterial pressure at a given isoflurane dose. As the aim was to describe a model that predicts MAP from a desired setting of the isoflurane vaporizer, ISO FI was chosen as the input variable for the model rather than ISO ET , although it could be argued that ISO ET might correlate better than ISO FI with MAP and other variables.
The two prediction models described did not give an ideal fit between predicted and actual data. The prediction error is caused by the following. The FIR model identification process is entirely data driven. If the data do not contain the full dynamics of the input-output relationship, the output cannot be predicted correctly. FIR models cannot predict states that have not been included in the training section. In some cases the problem might be solved by including more samples in the training section, but only if they contain a combination of relevant values that has not yet been included in the training section. Additional variables, not included in our study, such as surgical stimulation or intermittently administered drugs, might improve the causal relationship between input and output variables, thus allowing a smaller prediction error.
Even though prediction errors exist, the FIR method offers an alternative to pharmacodynamic models, for example, to investigate complex causal and temporal relations of physiological variables.
The classification of the data and in turn the position of the landmarks in this study were done by ranking. A more elaborate method is to apply cluster analysis 19 which might improve the classification of the data from each variable and in turn produce a better prediction.
The AEP index, DAI, was included as a variable in the prediction of the anaesthetic dose. In several studies 20 21 a linear regression between Pa and Na peaks of the AEP and the anaesthetic dose was calculated. Schwender and colleagues 20 found that the correlation coefficients were often less than 0.5, which is very poor agreement. This indicates that there is no linear relationship between them, but it does not exclude the existence of a non-linear relationship. The fact that FIR chose DAI as an optimal input to the model in several predictions supports the hypothesis of a causal relationship between AEP and anaesthetic dose.
The controller model and arterial pressure model differed from previously described models because in addition to the haemodynamic variables, they also included the AEPbased index (DAI). Haemodynamic measurements and AEP provide essential information for control of anaesthesia, hence it is important that both are included in prediction and controller models for anaesthesia.
In summary, the model validation with dynamic data showed that a novel fuzzy induction reasoner (FIR) established a causal relationship between haemodynamic variables, DAI and the inspired fraction of isoflurane. by classical mathematics (e.g. linear regression, differential equations), that is systems for which the underlying physical laws are not well understood. FIR methodology is composed of four main processes, namely: 'fuzzification', 'qualitative identification', 'fuzzy forecasting' and 'defuzzification' (Fig. 9) .
In the FIR fuzzification process, quantitative values are fuzzified (discretized) into a fuzzy triple: the class, membership and side. The side function provides information on the position of the quantitative value with respect to the maximum of the membership function. Fuzzy logic has the advantage of incorporating qualitative descriptions. Instead of having a continuous scale of the depth of anaesthesia index (DAI), qualities are assigned to distinct intervals. Figure 10 shows an example of fuzzification of DAI using FIR. The example defines four classes: too deep, adequate, too light and awake. A DAI value of 25 thus belongs to the class 'adequate', with an associated membership value of 0.9 and a side value of 'left'. Hence the quantitative value is discretized into a qualitative triple. It is important to note that the same information is contained in the qualitative triple as in the quantitative value, hence no information is lost in the fuzzification process.
As shown in Figure 9 , FIR is fed with data measured from the system under study that converts into fuzzy information by means of the fuzzification function described previously.
The qualitative identification process of the FIR method allows it to find those causal spatial and temporal relations between variables and therefore to obtain the best model (called mask in the FIR nomenclature) that represents the system. An example of mask is presented in Figure 11 .
The qualitative identification process assesses the possible masks and concludes which one has the highest quality using the entropy reduction measure. Each negative element in the mask is called an m-input (mask input). It denotes a causal relation with the output, that is it influences the output to a certain degree. The enumeration of the m-inputs is not a prioritized list. The single positive value denotes the output. The number of non-zero elements is called the complexity of the mask. The number of rows in the mask is called the depth. If previous knowledge of the system is available (i.e. non-physical relations between some of the variables) this information can be incorporated into the mask by introducing zero elements that avoids a causal relation between that specific m-input and the output.
When the best model has been identified, it can be applied to the qualitative data obtained from the system resulting in a particular rule base. In FIR terminology this is called the behaviour matrix. When the behaviour matrix and the mask are available, the system's prediction can take place using the FIR inference engine. This process is called fuzzy forecast. The FIR inference engine is a specialization of the k-nearest neighbour (NN) rule, commonly used in the pattern recognition field. The adaptation of the k-nearest in an ad hoc 5-NN method produced good results when applied in biomedical systems. 9 10 Defuzzification is the inverse process of fuzzification. It converts the qualitative predicted output into quantitative values that can then be used as inputs to an external quantitative model. For more details of FIR methods, see previous works. 9 10
Fig 10
Fuzzification of depth of anaesthesia index (DAI) into four classes: 'too deep anaesthesia','adequate','too light' and 'awake'. The y-axis is the fuzzy membership value.
Fig 11
The optimal mask used for the isoflurane predictions Nos 1-5. The -1, -2, -3 denote the three optimal inputs to the fuzzy inductive reasoning model and the '1' denotes the output. Each row specifies time (i.e. the row tϪ15 refers to values 15 samples back in the past).
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